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(57) Disclosed is a method of training a dialogue
model in an electronic device, the method including ac-
quiring, from a first dialogue data set, a response set
including a first response subset corresponding to a first
context and a second response subset selected arbitrar-
ily, calculating a first score for any one of response in-
cluded in the response set with respect to the first context
based on a first dialogue model, calculating a second
score for the response included in the response set with
respect to the first context based on a second dialogue
model, and training the second dialogue model based on
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Description

CROSS-REFERENCE TO RELATED APPLICATION(S)

[0001] This application claims the benefit of Korean Patent Application No. 10-2021-0112541, filed on August 25,
2021, and Korean Patent Application No. 10-2021-0161615, filed on November 22, 2021, in the Korean Intellectual
Property Office, the disclosures of which are incorporated herein by reference.

BACKGROUND

1. Field of the Disclosure

[0002] The present disclosure relates to a method of training a user dialogue model and a device therefor.

2. Description of the Related Art

[0003] With the development of artificial intelligence technology, people are able to communicate with chatbots as
virtual characters rather than real people. The chatbot may search for and output a predetermined response according
to a predetermined conversation topic, or may generate and output an appropriate response for a free conversation
topic. A conversation in which a specific conversation topic is not determined may be referred to as an open domain
conversation.
[0004] To derive responses from the open domain conversation, two types of dialogue models, a generative-based
dialogue model and a retrieval-based dialogue model are used. The generative-based dialog model is a model that
generates an appropriate response based on an input dialog context and returns the response as an answer. The
retrieval-based dialog model is a model in which a response set that can be used as an answer is defined in advance,
and an answer most appropriate to the input dialog context is retrieved from the response set and returned as an answer.
[0005] When a large-scale language model is used together, the generative-based dialogue model may generate a
response suitable for a given dialogue context based on rich knowledge of the corresponding language model. However,
the generative-based dialogue model has high latency in generating responses because a decoder of a sequence-to-
sequence structure spends a lot of time in an autoregressive decoding process. In a real conversation situation, the
chatbot needs to return an answer to a user in real time, so the heavy and slow characteristics of the generative-based
dialogue model are difficult to apply to the open domain conversation.
[0006] In contrast, the retrieval-based dialogue model may return an appropriate response to a given context much
faster than the generative-based dialogue model when used in conjunction with high-performance search libraries.
However, since the retrieval-based dialogue model may return only responses that exist in the pre-defined response
set, if the response set does not contain an appropriate response to the input conversation context, an incorrect response
may be returned that is not related to the conversation being conducted. In addition, the retrieval-based dialog model is
highly dependent on a pre-defined response set and thus, may return less fluent responses compared to the generative-
based dialogue model.

SUMMARY

[0007] An aspect provides a method for generating a response to a dialogue context through a generative-based
dialogue model and building a response set for a retrieval-based dialogue model based on the generated response,
thereby reducing a high response latency of the generative-based dialogue model.
[0008] Another aspect also provides a method for generating a response to a dialogue context through a generative-
based dialogue model and training a retrieval-based dialogue model based on the generated response, thereby com-
pensating for a relatively low response quality of the retrieval-based dialogue model.
[0009] However, the goals to be achieved by example embodiments of the present disclosure are not limited to the
technical aspects described above, and other goals may be inferred from the following example embodiments.
[0010] According to an aspect, a method of training a dialogue model in an electronic device is provided, the method
including selecting a second context from a second dialogue data set including at least one pair of a context and a
response corresponding to the context, generating a first response corresponding to the second context through a first
dialogue model, generating a first dialogue data set (an augmented dialogue data set) by incorporating a pair of the
second context and the first response corresponding to the second context into the second dialogue data set, and training
a second dialogue model based on the first dialogue data set.
[0011] According to another aspect, which can be combined with other aspects described herein, a method of training
a dialogue model in an electronic device is provided, the method including acquiring, from a first dialogue data set, a
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response set including a first response subset corresponding to a first context and a second response subset selected
arbitrarily, calculating a first score for a response included in the response set with respect to the first context based on
a first dialogue model, calculating a second score for a response included in the response set with respect to the first
context based on a second dialogue model, and training the second dialogue model based on the first score and the
second score. The second dialogue model can additionally be trained based on the first dialogue data set as described
above.
[0012] According to still another aspect, an electronic device for training a dialogue model is provided, the electronic
device comprising a storage device and a controller, wherein the controller is configured to acquire a response set
including a first response subset corresponding to a first context and a second response subset selected arbitrarily, from
a first dialogue data set through the storage device, calculate a first score for a response included in the response set
with respect to the first context based on a first dialogue model, calculate a second score for a response included in the
response set with respect to the first context based on a second dialogue model, and train the second dialogue model
based on the first score and the second score.
[0013] Details of other example embodiments are included in the following detailed description and the accompanying
drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

[0014]

FIG. 1 is a flowchart illustrating a method of training a data-level dialogue model according to an example embodiment.

FIG. 2 is a flowchart illustrating a method of training a model-level dialogue model according to an example embod-
iment.

FIG. 3 is a graph showing a latency-to-human evaluation score for open-domain conversation models.

FIG. 4 is a diagram illustrating a method of training a data-level dialogue model according to an example embodiment.

FIG. 5 is a diagram illustrating a method of training a model-level dialogue model according to an example embod-
iment.

FIG. 6 is a block diagram illustrating an electronic device for training a model-level dialogue model according to an
example embodiment.

DETAILED DESCRIPTION

[0015] Terms used in the example embodiments are selected, as much as possible, from general terms that are widely
used at present while taking into consideration the functions obtained in accordance with the present disclosure, but
these terms may be replaced by other terms based on intentions of those skilled in the art, customs, emergence of new
technologies, or the like. Also, in a particular case, terms that are arbitrarily selected by the applicant in the present
disclosure may be used. In this case, the meanings of these terms may be described in corresponding description parts
of the disclosure. Accordingly, it should be noted that the terms used herein should be construed based on practical
meanings thereof and the whole content of this specification, rather than being simply construed based on names of the
terms.
[0016] In the entire specification, when an element is referred to as "including" or "comprising" another element, the
element should not be understood as excluding other elements so long as there is no special conflicting description,
and the element may include at least one other element. In addition, the terms "unit" and "module", for example, may
refer to a component that exerts at least one function or operation, and may be realized in hardware or software, or may
be realized by combination of hardware and software.
[0017] The expression "at least one of A, B, and C" may include the following meanings: A alone; B alone; C alone;
both A and B together; both A and C together; both B and C together; or all three of A, B, and C together.
[0018] The term "terminal" mentioned below may be implemented as a computer or a portable terminal capable of
accessing a server or another terminal through a network. Here, the computer may include, for example, a laptop
computer, a desktop computer, and a notebook equipped with a web browser. The portable terminal may be a wireless
communication device ensuring a portability and a mobility, and include any type of handheld wireless communication
device, for example, a tablet PC, a smartphone, a communication-based terminal such as international mobile telecom-
munication (IMT), code division multiple access (CDMA), W-code division multiple access (W-CDMA), and long term
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evolution (LTE).
[0019] A task of open-domain conversation, which is a technical field of the present disclosure, has been studied
based on retrieval models, generative models, or using both. While retrieval models search for a response relevant to
a given context from a pre-defined response set, generative models produce a response based on the given context
with auto-regressive decoding. It is known that the retrieval and generative models have advantages in the efficiency of
inference and quality of generated responses, respectively. To take both advantages, several exemplar-based generative
models have recently been proposed by combining the retrieval and generative models. A main difference between the
training method proposed in the present disclosure and the exemplar-based generative models is that exemplar-based
generative models provide the knowledge of retrieval models to generative models, while the proposed training method
transfers the knowledge of generative models to retrieval models to focus on the efficiency of open-domain conversation
systems.
[0020] More specifically, despite outstanding performance in open-domain conversation, it is known that large-scale
generative models are less practical for building real-time conversation systems due to high latency. In contrast, retrieval
models may return responses with much lower latency but show inferior performance compared to the large-scale
generative models since the conversation quality is bounded by the pre-defined response set. To take advantage of
both approaches, a training method called generative-to-retrieval distillation (G2R) that preserves the efficiency of a
retrieval model while leveraging the conversational ability of a large-scale generative model by infusing the knowledge
of the generative model into the retrieval model is proposed. G2R may include two distinct techniques of distillation, that
is, data-level G2R and model-level G2R. The data-level G2R augments the dialogue dataset with additional responses
generated by the large-scale generative model. The model-level G2R transfers the response quality score assessed by
the generative model to the score of the retrieval model by the knowledge distillation loss. Through extensive experiments
including human evaluation, the retrieval-based conversation system trained with the G2R of the present disclosure
shows a substantially improved performance compared to the baseline retrieval model while showing significantly lower
inference latency than the large-scale generative models.
[0021] To this end, in example embodiments, systems may select at least a portion of contexts from dialogue datasets
including context-response pairs for training a retrieval model, generate a response using a generative model, generate
a new context-response pair, and train the retrieval model using a first dialogue dataset of the generated context-response
pair so that the retrieval model generates more diverse responses.
[0022] In addition, in example embodiments, systems may identify a plurality of response sets for a predetermined
context, obtain a score of each response of the response sets through different models, and train one model to reduce
a score difference of the response sets of the models. More specifically, a generative model may be a teacher model,
and a retrieval model may be a student model. In this case, the performance of the retrieval model may be improved by
obtaining a cross-entropy loss of a score for a response set and training the retrieval model to reduce a difference
between the scores.
[0023] In the following description, example embodiments of the present disclosure will be described in detail with
reference to the drawings so that those skilled in the art can easily carry out the present disclosure. However, the present
disclosure may be implemented in various different forms but it is not limited to the exemplary embodiments described
herein. In addition, terms such as "first" and "second" are only used to distinguish one element from another element,
and these elements are not to be limited by these terms.
[0024] FIG. 1 is a flowchart illustrating a method of training a data-level dialogue model according to an example
embodiment.
[0025] In operation S101, a second context may be selected from a second dialogue data set including at least one
pair of a context and a response corresponding to the context. According to an example embodiment, a response included
in the second dialogue data set may be a response included in a pre-defined response set.
[0026] In operation S102, a first response corresponding to the second context may be generated through a first
dialogue model. According to an example embodiment, the first dialogue model may be a generative-based dialogue
model that generates a response to a given context.
[0027] In operation S103, a first dialogue data set including a pair of the second context and the first response corre-
sponding to the second context may be generated. The first dialogue data set may be referred to as augmented dialogue
data set. According to an example embodiment, the dialogue model training method of the present disclosure may
generate an augmented response set including the response of the second dialogue data set and the generated first
response and use the augmented response set as a fixed response set for a dialogue context input thereafter.
[0028] In operation S104, a second dialogue model may be trained based on the first dialogue dataset. According to
an example embodiment, the second dialogue model may be a retrieval-based dialogue model that retrieves a response
to the given context.
[0029] According to an example embodiment, the second dialogue model may be trained by identifying a first context
included in the first dialogue dataset and acquiring a response set including a first response subset corresponding to
the first context and a second response subset selected arbitrarily. In addition, a first score for a response included in
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a response set with respect to the first context may be calculated based on the first dialogue model, and a second score
for a response included in the response set with respect to the first context may be calculated based on the second
dialogue model. Also, the second dialogue model may be trained based on the first score and the second score. In this
instance, by calculating a loss for the second score based on the first score, the second dialogue model may be trained
such that the loss is minimized. Examples of scoring a response in accordance with a number of embodiments of the
invention are described in greater detail below.
[0030] FIG. 2 is a flowchart illustrating a method of training a model-level dialogue model according to an example
embodiment.
[0031] In operation S201, a response set including a first response subset corresponding to a first context and a
second response subset selected arbitrarily may be acquired from a first dialogue data set such as an augmented
dialogue data set. According to an example embodiment, a second context may be selected from a second dialogue
data set including at least one pair of a context and a response corresponding to the context, a response corresponding
to the second context may be generated through a first dialogue model, and the first dialogue data set may be generated
by incorporating a pair of the second context and the response corresponding to the second context into the second
dialogue data set. Accordingly, the first dialogue data set may be an augmented dialogue data set.
[0032] In operation S202, a first score for a response included in the response set with respect to the first context may
be calculated based on the first dialogue model. According to an example embodiment, the first score may be calculated
using a normalized log-likelihood based on a length of each response included in the response set. Alternatively, or
conjunctively, the first score may be calculated based on a mutual information score with respect to the first context for
each response included in the response set.
[0033] In operation S203, a second score for a response included in the response set with respect to the first context
may be calculated based on the second dialogue model. According to an example embodiment, the second score may
be calculated by encoding the first context and a response included in the response set based on fixed-length embedding
and calculating a relevance score with respect to the first context for each response included in the response set based
on an embedding value corresponding to the first context and an embedding value corresponding to each response
included in the response set.
[0034] In operation S204, the second dialogue model may be trained based on the first score and the second score.
According to an example embodiment, a loss may be calculated based on the first score and the second score, and the
second dialogue model may be trained such that the loss is minimized. In this instance, the loss may include a cross-
entropy loss for a score corresponding to the first response subset and a knowledge distillation loss for a score corre-
sponding to a response included in the response set. In some embodiments, the second dialogue model may be trained
by maximizing a score corresponding to the first response subset so that the cross-entropy loss is minimized. In several
embodiments, the second dialogue model may be trained by matching the first score and the second score so that the
knowledge distillation loss is minimized.
[0035] Hereinafter, a retrieval-based dialogue model may also be referred to as a "retrieval model" and a generative-
based dialogue model may also be referred to as a "generative model."
[0036] Recently, generative models have shown great success in open-domain conversation along with the develop-
ment of large-scale language models, yielding fluent and informative responses. However, generative models suffer
from the challenges of latency and computational resources for building real-time conversation systems due to auto-
regressive decoding for response generation and a large GPU memory footprint.
[0037] Meanwhile, retrieval models such as a bi-encoder and a poly-encoder are able to build efficient open-domain
conversation systems by pre-defining the response set and searching for the most relevant response to the given context
from the response set. In addition, a bi-encoder dramatically reduces the latency when adopting efficient maximum inner
product search (MIPS) libraries, such as FAISS and ScaNN Despite the outstanding efficiency, retrieval models have
shown a lack of conversational ability compared to generative models. Retrieval models are known to return an erroneous
response when the pre-defined response set does not contain the proper response to the given context, while generative
models deal with these cases more flexibly.
[0038] Exemplar-based generative models try to mitigate this problem by combining the advantages of the two ap-
proaches, whereas the inherent inefficiency of the generative models remains since exemplar-based generative models
employ a generative model for response generation. To make an efficient yet fluent open-domain conversation system,
which is desirable for real world applications, the present disclosure proposes a training method for retrieval models
called generative-to-retrieval distillation (G2R).
[0039] According to an example embodiment, G2R enables retrieval models to leverage the knowledge of large-scale
generative models at both data-level and model level. In a variety of embodiments, data-level G2R can augment the
original dialogue dataset with the responses produced by a large-scale generative model using contexts in the original
dialogue dataset. The original dialogue data set may be referred to as second dialogue data set. Then, the produced
responses are also added to the pre-defined response set to generate the first dialogue data set, which may also be
referred to as augmented dialogue data set). The first dialogue dataset and response set are utilized for training a
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retrieval model at the training phase and for returning responses at the inference phase, respectively. Although the data-
level G2R enables the retrieval model to utilize high-quality responses generated by the large-scale generative model,
it does not transfer the fine-grained knowledge from the generative model about the quality of individual responses.
Model-level G2R resolves this limitation by transferring the response quality scores assessed by the large-scale teacher
generative model (first dialogue model) into the scores of the student retrieval model (second dialogue model). This
method induces the retrieval model to select a better response in terms of the response quality.
[0040] Transferring the knowledge from larger-scale teacher neural networks into smaller-scale student neural net-
works has been implemented to improve the performance of the student model, including data augmentation and knowl-
edge distillation. In the data augmentation perspective, several works utilize the generation result of pre-trained language
models as a labeled example for text classification tasks. Some studies utilize the inference result of the retrieval model
and the generative model as a semi-negative dataset for training a student retrieval model. Meanwhile, Knowledge
distillation transfers the knowledge of the teacher model into the student model by matching the student logits with
softened teacher logits. There is knowledge distillation, which is specially designed for model architectures or specific
tasks such as sequence generation tasks, retrieval models, and transformer architectures.
[0041] The most closely related work to the present disclosure is dialogue distillation, which also proposes data-level
and model-level distillation for open-domain conversation models. However, the dialogue model training method of the
present disclosure differs from the dialogue distillation in three ways. First, the dialogue distillation requires additional
unpaired text corpus, which may be hard to be obtained in certain circumstances. Instead, the dialogue distillation task
as described herein focuses on utilizing the knowledge of large-scale generative models for augmenting additional data.
In addition, the previously-known dialogue distillation does not enrich the pre-defined response set, which is important
to improve the performance of the retrieval models, as shown in the experiment result obtained from the dialogue model
training method of the present disclosure. Last but not least, while the dialogue distillation only considers the distillation
within the homogeneous architecture, generative-to-generative or retrieval-to-retrieval, the dialogue model training meth-
od of the present disclosure focuses on the model-level distillation between heterogeneous architectures, specifically
generative-to-retrieval, to take advantages of each architecture.
[0042] FIG. 3 is a graph showing a latency-to-human evaluation score for open-domain conversation models. Blank
circles indicate generative-based dialogue models, and filled circles indicate retrieval-based dialogue models. Star 310
indicates a dialogue model, which may be a G2R trained based on the dialogue model training method of the present
disclosure in accordance with many embodiments of the invention. It can be seen from FIG. 3 that the dialogue model
of the present disclosure achieves a "sweet-spot" among various models, showing a much better human evaluation
score than retrieval-based dialogue models and demonstrating much lower latency than generative-based dialogue
models.
[0043] A retrieval based conversation system including the G2R-applied retrieval model and a MIPS library shows a
substantial conversational ability while showing fast inference speed, as illustrated in FIG. 3. For example, the retrieval-
based conversation system of the present disclosure shows about a 20x speedup compared to a blender model (90M
parameters) while exhibiting a comparable human evaluation result on conversational ability. Here, the blender model,
which is the state-of-the-art model in open-domain conversation task, is adopted with various parameters such as Blender
90M, Blender 2.7B, and Blender 9.4B. For response generation, the blender model follows a decoding hyperparameter.
[0044] FIG. 4 is a diagram illustrating a method of training a data-level dialogue model according to an example
embodiment.
[0045] To better understand the method illustrated in FIG. 4, a retrieval model for open-domain conversation is first
described. Equation 1 represents a dialogue dataset that includes n context-response pairs, where ci and ri are respec-
tively a context and a gold response corresponding to the context in an i-th example, where the gold response is an
appropriate response. At the training phase, retrieval models may be trained to maximize the score of the gold response
ri for the given context ci compared to the scores of negative responses. At the inference phase, retrieval models may
return the response with the highest score for the given context c from the pre-defined response set R constructed from
the dialogue dataset D. Equation 2 represents the pre-defined response set R including n responses. 
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[0046] Knowledge Distillation is a method of transferring the knowledge of the teacher model into the student model
by adding a loss that matches the logits of the student model zs with the logits of the teacher model zt. For classification
task with one class, the knowledge distillation loss is defined by the cross-entropy between the softened output probability
of the student model and the teacher model. Equation 3 represents the knowledge distillation loss LKD. 

[0047] In Equation 3, p(y|x) and z(x, y) are the softened probability and logit value of the models for an input x and a
class y, respectively, and T is a temperature parameter for smoothing the logit values.
[0048] A goal of the present disclosure is to create an efficient open-domain conversation system based on the retrieval
model. However, simply utilizing the retrieval model may lead to the low efficiency when the size of the response set R
is large since the retrieval model has to calculate scores for all response candidates. To solve this, processes in accord-
ance with certain embodiments of the invention may adopt the bi-encoder model with an efficient MIPS library to select
proper responses efficiently without calculating a score for all response candidates. Specifically, the bi-encoder may
encode a context c and a response r into the fixed-length embedding respectively with the transformer architecture, and
defines the relevance score between c and r as the dot-product of two embeddings. Through this, the retrieval process
speed may be increased.
[0049] Meanwhile, utilizing an additional high-quality dialogue dataset is helpful for improving the performance of the
retrieval model. Moreover, enriching the pre-defined response set R with more diverse responses may help the retrieval
model to respond appropriately to a variety of input contexts since it widens the opportunity to select an appropriate
response. However, it is highly labor-intensive and costly to acquire such high-quality dialogue datasets or responses
through human-in-the-loop annotation.
[0050] Well-tuned large-scale generative models are able to achieve near-human conversational ability. From these
observations, the dialogue model training method of the present disclosure leverages the generation result of large-
scale generative models to expand the response set as well as the dialogue dataset for training a retrieval model.
[0051] For each context ci, including the second context, in the dialogue dataset D such as the second dialogue data
set, a large-scale generative model G such as the first dialogue model may generate m responses rGi,j including the
response corresponding to the second context. Equation 4 represents the responses rG

i,j. 
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[0052] Considering the generated responses as a gold response of the given context ci, they are added to the dialogue
dataset D and the pre-defined response set R as shown in Equation 5. In Equation 5, DG and RG denote the augmented
dialogue data set (corresponding to the first dialogue data set as used herein) and the augmented response set, respec-
tively. 

and
After the dialogue data set and response set are augmented, a retrieval model R, such as the second dialogue model,
may be trained by minimizing the cross-entropy loss LCE which maximizes the probability of selecting the ground-truth
response r among the set of randomly sampled negative responses R-. Equation 6 represents the cross-entropy loss LCE.

[0053] In Equation 6, R(c, r) is the score computed by the retrieval model R for the given context c and response r.
Also, in Equation 6, R- is created differently for every iteration by randomly sampling responses from RG without replace-
ment. For example, the largest open-domain conversation model available, Blender 9.4B, may be used as the large-
scale generative model G. Since beam search tends to generate similar responses within the same context, top-k
sampling may be applied to achieve the diversity of responses. In addition, the responses may be sampled multiple
times with different minimum length constraints to diversify the specificity and length of generated responses.
[0054] Referring to a data-level dialogue model training model 400 of FIG. 4, first, a generative model G 430 may be
trained using a dialogue data set D 410 including at least one pair of a given context and a response corresponding to
the given context. For this, a predetermined context c 420 may be extracted from the dialogue data set D 410 and used
as an input of the generative model G 430. According to an example embodiment, a context and a response corresponding
to the context in the dialogue data set D 410 may be a response that has been returned for the given context by an
existing retrieval model R 470 through a retrieval. The generative model G 430 may be a generative model based on a
large-scale language model.
[0055] According to an example embodiment, the generative model G 430 may generate a new response rG 440 using
the context c 420 as an input. Through this, the generative model G 430 may generate a new dialogue data set 450
including at least one pair of the context c 420 and the new response rG 440 corresponding to the context c 420.
Subsequently, an augmented dialogue data set DG 460, such as the first dialogue data set, may be generated by
combining the dialogue data set D 410 and the new dialogue data set 450. The first dialogue dataset DG 460 may be
used as an input of a model-level dialogue model training model in FIG. 4 as follows. The retrieval model R 470 may be
trained using the first dialogue dataset DG 460. Meanwhile, the new response rG 440 may be added to an existing
response set so as to be constructed into an augmented pre-defined response set RG 480. After that, when any context
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is input to a dialogue model, the retrieval model R 470 may return an appropriate response by retrieving the augmented
pre-defined response set RG 480.
[0056] FIG. 5 is a diagram illustrating a method of training a model-level dialogue model according to an example
embodiment.
[0057] While a data-level dialogue model training method provides additional high-quality dialogue data and diverse
responses, it does not transfer the fine-grained knowledge about the quality of the individual responses from the large-
scale generative model G. A model-level dialogue model training method of the present disclosure is designed to address
this problem. To solve the problem, according to an example embodiment, the data-level dialogue model training method
may transfer the individual response-level quality score, assessed by the large-scale teacher generative model G, into
the student retrieval model R.
[0058] Specifically, from the perspective of the teacher generative model G, the quality score of the response is denoted
as G(c, r). Then, the student retrieval model may be trained to match the score R(c, r) of the student retrieval model with
the score G(c, r) of the teacher generative model, similar to the typical knowledge distillation technique.
[0059] According to an example embodiment, the score G(c, r) of the teacher generative model may be defined based
on the log-likelihood normalized by the length of response as shown in Equation 7. 

[0060] In Equation 7, PG(r|c) is the probability of the response r for the given context c of the generative model G and
|r| is the number of tokens in the response r. Log-likelihood may be normalized with the length of response to mitigate
the problem of preferring shorter responses. The distillation loss LKD may be derived by assigning the score G(c, r) of
the teacher generative model and the score R(c, r) of the student retrieval model as the logits of teacher and student
models, respectively. Accordingly, Equation 6 may be changed to Equation 8 as shown below.

[0061] In Equation 8, Ri is a set of positive responses corresponding to the context ci of DG.
[0062] Since calculating the score G(ci, r-) of the teacher generative model for negative responses requires heavy
extra computation, the calculation may be simplified through approximation on randomly sampled negative responses
r- ∈ R- as shown in Equation 9. 
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[0063] According to Equation 10, a final loss L for the model-level dialogue model training method may be represented
as a sum of original cross-entropy loss LCE of Equation 6 and the knowledge distillation loss LKD where the hyperparameter
α controls the weights of each term. 

[0064] Referring to a model-level dialogue model training model 500 of FIG. 5, first, a response set Ri 520 corresponding
to a context ci 510 may be constructed. According to an example embodiment, the context ci 510 may be a context
included in the first dialogue dataset DG 460 of FIG. 4. In addition, the response set Ri 520 may include an appropriate
positive response for the context ci 510 in the new response rG 440 and one or more random responses (negative
responses) randomly selected from the new response rG 440, excluding the positive responses. In some cases, the
response set Ri 520 may include only one positive response.
[0065] Next, based on the response set Ri 520, a generative model G 530 corresponding to a teacher model and a
retrieval model R 550 corresponding to a student model may return responses for the context ci 510. A score G(ci, r)
540 for the response returned by the generative model G 530 with respect to the context ci 510 may be identified for
each response included in the response set Ri 520. Likewise, a score R(ci, r) 560 for the response returned by the
retrieval model R 550 with respect to the context ci 510 may be identified for each response included in the response
set Ri 520.
[0066] According to an example embodiment, the generative model G 530 may calculate the score G(ci, r) 540 by
calculating log-likelihood normalized by a length of a response r. In addition, the retrieval model R 550 may encode the
context ci 510 and the response r based on fixed-length embedding. Also, the generative model G 530 may define a
relevance score between the context ci 510 and the response r as a dot-product of two embeddings so as to be defined
as the score R(ci, r) 560.
[0067] According to an example embodiment, a cross-entropy loss LCE 570 that represents a probability of selecting
a positive response from the response set Ri 520 may be calculated based on each of the score G(ci, r) 540 and the
score R(ci, r) 560. For example, the generative model G 530 is based on a large-scale language model and thus, may
be more likely to select the positive response instead of the negative response. Accordingly, to maximize the probability
of selecting a ground-truth response for randomly sampled negative responses, the retrieval model R 550 may be trained
to minimize the cross-entropy loss LCE 570. Also, a distillation loss LKD 580 may be derived by applying the score G(ci,
r) 540 and the score R(ci, r) 560 as logits of the teacher and student models. The retrieval model R 550 may be trained
by matching the score G(ci, r) 540 and the score R(ci, r) 560 such that the distillation loss LKD 580 is minimized. Meanwhile,
in the example embodiment, the description is made based on a case in which the training is performed to match the
scores. However, it is merely an example, and the scores of the two models may not match as a result of training.
[0068] Hereinafter, an evaluation for a case in which the open-domain conversation is performed using the dialogue
model training method of the present disclosure and a result of the evaluation will be described.
[0069] As to the data set, open-domain conversation datasets including Blended Skill Talk, ConvAI2, Empathetic
Dialogues, and Wizard of Wikipedia may be used. In an experiment, the four datasets are used together, and a merged
dataset may be referred to as BST+.
[0070] A human evaluation was carried out on 200 examples randomly sampled from the BST+ test dataset. Human
judges evaluated the quality of the generated response with two criteria on a 0-2 scale. First, appropriateness (Appr.)
for evaluating whether the generated response is fluent, logical, and appropriate to its given context was evaluated.
Also, informativeness (Info.) indicating whether the generated response has meaningful information relevant to its given
context was evaluated. Each example is rated by at least three unique human judges, and all the human evaluation is
performed via Amazon Mechanical Turk.
[0071] Also, through the experiment, various kinds of automated metrics may be reported. MaUdE is an unreferenced
dialogue response evaluation metric calculated by the model that is trained to score positive responses as "1" while
scoring syntactically and semantically negative responses as "0", using the ConvAI2 dataset. Since MaUdE shows a
high correlation with human judgments on fluency and interestingness of responses, MaUdE may be used as a proxy
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metric for evaluating the overall quality of responses produced by each model. For measuring the lexical diversity of
generated responses, Dist-2 and Dist-3 may be used. Dist-n is a ratio of distinct n-grams to the total number of n-grams
in all the responses generated by each model. Length, the average number of tokens in generated responses, is reported
for reference. Last but not least, to verify the efficiency of the model of the present disclosure, the experiment measures
and reports the latency for generating a response for a single input context. Although the latency measured on the GPU-
enabled environment is reported in general, the latency measured by using only the CPU may also be reported.
[0072] A small blender model distilled from a larger generative model is employed to compare the model-level dialogue
model training method of the present disclosure with a generative model that also utilizes the knowledge distillation
technique. Here, a 400M parameters blender model distilled from Blender 2.7B is used along with TinyBERT style
distillation, denoted as a distilled blender. Meanwhile, the bi-encoder and poly-encoder with 256M parameters pre-trained
with the Pushshift Reddit comment dataset and fine-tuned on the BST+ dataset, are the baselines for retrieval models.
As described above, the bi-encoder model integrated with MIPS library is denoted as Bi-encoder(w/ FAISS). RetNRef
is an exemplar-based generative model which incorporates the response of retrieval models into the input of the generative
model. Contrary to G2R, which is one of the dialogue model training models of the present disclosure, RetNRef exploits
the retrieval model to make the generative model better, while the G2R exploits the knowledge of the generative model
to make the retrieval model better. Specifically, the G2R uses the dialogue retrieval model trained with the α-blending
technique. According to an example embodiment, a human response refers to the ground-truth label annotated in the
BST+ dataset.
[0073] In the dialogue model training method of the present disclosure, the bi-encoder R is trained with the G2R using
Blender 9.4B as the teacher generative model G. G2R-DM denotes a model trained with the data-level G2R and the
model-level G2R. For a comprehensive analysis, two variants are adopted in the present disclosure. For example, G2R-
D is trained with the data-level G2R only, and G2R-D (excluding FAISS) further removes the use of the MIPS library,
FAISS, from G2R-D.
[0074] Table 1 represents the human evaluation result and the automated metrics among various dialogue models of
the open-domain conversation, where a latency (speedup) column denotes the relative speedup of each model compared
to the latency of Blender 90M. It can be seen from Table 1 that a system trained with the dialogue model training method
(G2R) achieves a "sweet-spot" between conversational ability and efficiency. The system of the present disclosure
maintains the low latency of Bi-encoder(w/ FAISS) while boosting up the human evaluation results significantly, achieving
comparable or better human evaluation scores than the Blender 90M and human responses, respectively.

[0075] Specifically, the blender generative models and the distilled blender model show high human evaluation score
while showing relatively large latency along with the lack of diversity, as shown in the Dist-2 and Dist-3 scores. Retrieval
baselines (bi-encoder and poly-encoder) show an opposite trend, exhibiting much lower latency and relatively higher
response diversity but showing relatively lower conversational ability in terms of human evaluation score. Unlike human

[Table 1]

Models
Human Evaluation Automated Metrics Latency 

(ms)
Latency 

(Speedup)Sum Appr. Info. MaUdE Dist-2 Dist-3 Length

Blender 90M 2.843 1.429 1.414 0.8582 0.4799 0.6887 18.31 499.7 1.003
Blender 2.7B 2.983 1.510 1.473 0.8826 0.5288 0.7261 19.05 1120.8 0.453
Blender 9.4B 2.930 1.472 1.458 0.8763 0.5246 0.7285 18.87 1438.6 0.353

Distilled 
Blender 2.910 1.474 1.436 0.8715 0.4821 0.6815 19.19 576.8 0.873

RetNRef 2.771 1.404 1.368 0.8555 0.7773 0.9541 12.34 382.4 1.313
Bi-encoder 2.597 1.288 1.309 0.8944 0.8191 0.9712 14.85 18.6 26.873

Poly-encoder 2.686 1.340 1.346 0.8645 0.8269 0.9692 15.30 24.8 20.153
Bi-encoder (w/ 

FAISS)
2.596 1.259 1.337 0.9046 0.8316 0.9735 15.22 25.7 19.443

G2R-D (w/o 
FAISS)

2.779 1.380 1.399 0.8518 0.7242 0.9302 20.06 39.7 12.593

G2R-D 2.759 1.398 1.361 0.8443 0.7456 0.9395 19.93 25.3 19.753
G2R-DM 2.856 1.447 1.410 0.8695 0.7266 0.9393 17.48 25.1 19.913

Human 
Response 2.788 1.418 1.369 0.9146 0.8271 0.9742 14.22 - -
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evaluation results, the MaUdE scores of the bi-encoder and the poly-encoder are unexpectedly high. However, this may
be because the MaUdE metric is trained on the ConvAI2 dataset, which is a subset of the BST+ dataset, and with a
similar training objective of these retrieval models. G2R-based models of the present disclosure achieve far better human
evaluation results compared to their original model, Bi-encoder (w/ FAISS). Applying data-level G2R only (G2R-D)
significantly boosts the performance, making the model perform comparable to gold human response in terms of human
evaluation. Using data-level G2R enlarges the number of responses in the pre-defined response set RG more than ten
times, therefore using the bi-encoder without FAISS (G2R-D (w/o FAISS)) leads to increased latency. Although using
FAISS induces a latency overhead for the case where the size of the response set is small (case of Bi-encoder (w/
FAISS)), using FAISS in a larger response set as in G2R-D enables the low latency to be maintained, while having a
slight degradation of response qualities compared to the version without FAISS.
[0076] Further application of model-level G2R additionally boosts the performance of the retrieval model. G2R-DM
trained with the data-level G2R and the model-level G2R shows a higher human evaluation score and MaUdE score
than G2R-D trained with the data-level G2R only, and exhibits a comparable human evaluation score to the Blender
90M model while running much faster. While G2R-DM shows a relatively deficient human evaluation score compared
to the bigger blender generative models, it shows substantially lower latency (23.03 speedup over Distilled Blender,
and 44.7x speedup over Blender 2.7B). In addition, G2R-DM exhibits a much higher response diversity compared to
the blender generative models. In contrast, the RetNRef model shows worse performance and delivers much higher
latency compared to the G2R-DM model.
[0077] Table 2 shows the basic statistics of the original response set R and the response set RG created by data-level
G2R. After applying the data-level G2R, RG has roughly 11 times more candidates compared to the original response
set R. To verify if responses in the new response set RG show more diversity, the number of unique tokens and bi-
gram/tri-grams appearing in each response set may be counted. Referring to Table 2, the augmented response set RG

has much more unique tokens and bi-gram/tri-grams than the original response set, implying that it covers more diverse
topics, entities and shows more diversity in terms of phrases and expressions.

[0078] The following description is of an ablation study conducted to analyze in detail how the performance of the
model changes depending on how we use responses generated in the data-level G2R method. In data-level G2R,
generated responses are utilized for augmenting the training dialogue dataset DG of the retrieval model R, and for
building the augmented response set RG. Through the ablation study, the two utilization methods are separated, and
models may be evaluated for a case of using only each method.
[0079] Table 3 shows the evaluation results of the ablation models. The human evaluation metrics and automated
metrics may be utilized along with Hits@1/K and Hits@5/K of the trained bi-encoder model on the BST+ test set, which
are widely adopted to evaluate the performance of retrieval models. In the order from the top to the second-to-last row,
Table 3 shows results of the human evaluation and automated metrics according to a case in which the retrieval model
is trained using the existing dialogue data set D to build the original response set R (that is, existing dialogue model), a
case in which the retrieval model is trained using the existing dialogue data set D to build the augmented response set
RG by the model-level G2R (that is, ablation model), a case in which the retrieval model is trained using the first dialogue
dataset DG using the data-level G2R to build the original response set R (that is, ablation model), and a case in which
the retrieval model is trained using the first dialogue dataset DG by the data-level G2R to build the augmented response
set RG by the model-level G2R (that is, G2R-DM of the present disclosure).

[Table 2]

Statistics R RG Ratio

# of Responses 279,090 3,070,074 11.0x
Average length 14.85 18,78 1.26x

# of Unique Tokens 56,862 210,538 3.70x
# of Unique bi-grams 655,948 2,710,155 4.13x
# of Unique tri-grams 1,738,189 10,654,181 6.13x

[Table 3]

Train R with Response Set
Human Evaluation Automated Metrics

Sum Appr. Info. Dist-2 Dist-3 Length Hits@1/K Hits@5/K

D
R 2.596 1.259 1.337 0.8336 0.9777 15.66

0.7537 0.9363
RG 2.620 1.300 1.320 0.7660 0.9498 17.14
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[0080] As shown in Table 3, only utilizing one of the methods does not show better performance compared to the
model that utilizes both methods. Utilizing the generated responses for building RG improves the appropriateness score
of the model, which supports the dialogue model training method of the present disclosure that using a diverse response
set is helpful for the model to respond more appropriately. The use of the first dialogue data set DG for building R is
helpful for increasing a human evaluation score, for both appropriateness and informativeness metrics. In addition,
training with first dialogue data set DG considerably improves the Hits metric of the retrieval model. Nonetheless, using
both methods shows the best human evaluation performance among all ablation models, indicating that using new
examples for both training a retrieval model and building a response set is important to induce a good performance.
[0081] In Table 3, an first dialogue data set generated by training the bi-encoder model using top-m responses of a
retrieval model that has already been trained is denoted by DR. When comparing a dialogue model using the first dialogue
data set DG by the data-level G2R to a dialogue model using the first dialogue data set DR, it is verified that the method
using a large generative model produces better quality training dataset than simply using a retrieval model. As shown
in Table 3, using DR as the training dataset does not lead to a significant performance gain for all metrics, contrary to
the case of using DG which improves both human evaluation score and Hits metric. This result strongly indicates that
utilizing a large-scale generative model for dialogue augmentation as in data-level G2R is a much more effective aug-
mentation strategy than using retrieval models.
[0082] According to an example embodiment, although the log-likelihood score (LL score) is used for defining the
score G(c, r) of the teacher generative model in model-level G2R, other methods may be applied as well. One example
is using a mutual information score (MI score). The MI score is point-wise mutual information between the given context
c and the response r. The MI score is known to assign lower values to generic responses while escalating the score of
responses that are more specific to the given context. Using the MI score may produce more specific and diverse
responses compared to the LL score while having a slightly higher risk of returning responses with inappropriate details
with respect to input context. Therefore, the model-level G2R that uses the MI score as G(c, r) is compared in performance
to the model that uses an LL score as follows.
[0083] Table 4 shows results of human evaluation and automated metrics for model-level G2R models that use the
MI score for defining the score G(c, r) of the teacher generative model.

[0084] Using the MI score for the model-level G2R exhibits a slightly lower human evaluation score than using the LL
score, particularly for the appropriateness score, implying that using the MI score may be less capable of producing an
appropriate and accurate answer. However, in terms of automated metrics, the MI score shows a higher MaUdE score.
In addition, using the MI score shows higher response diversity compared to LL score, indicating that MI score may be
employed for more diverse responses of the conversation system.
[0085] Table 5 provides an example of responses returned by baseline models and G2R models. In an experiment
related to Table 5, it is assumed that a context B ("Oh yeah that is a fact") is input with respect to a phrase ("Amazon is
a great place to order books") of a chatbot A as an input context.

(continued)

Train R with Response Set
Human Evaluation Automated Metrics

Sum Appr. Info. Dist-2 Dist-3 Length Hits@1/K Hits@5/K

DG R 2.739 1.377 1.361 0.8144 0.9687 16.20
0.8052 0.9570

RG 2.770 1.403 1.368 0.7456 0.9395 19.93

DR R 2.591 1.296 1.295 0.8253 0.9669 14.54 0.7594 0.9323

[Table 4]

  
Human Evaluation Automated Metrics

Sum Appr. Info. MaUdE Dist-2 Dist-3

LL 2.856 1.447 1.410 0.8695 0.7266 0.9393
MI 2.806 1.427 1.380 0.8737 0.7536 0.9468
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[0086] Referring to Table 5, in this example, Bi-encoder(w/ FAISS) returns the irrelevant response ("Comics is at the
top of the list in interest") to the given context. Responses of the blender models are logically appropriate, however, they
just simply change the topic (in the case of Blender 90M and Distilled Blender, "Do you have any other hobbies that you
like to do on the weekends? I like to read", "What else do you like to do in your spare time? I like to go to the beach")
or relatively lack of specific details (in the case of Blender 2.7B and Blender 9.4B, "What kind of books do you buy on
amazon? I like to read science fiction and fantasy", "What kind of books do you like to read? I like romance novels and
mystery novels"). The data-level G2R (G2R-D) tries to respond with detail, but the response contains a somewhat
irrelevant phrase ("Do you ever order groceries? I love amazon’s selection of books and videos") about topics. In contrast,
it can be seen that G2R-DM responds appropriately along with specific details ("What is your favorite book? Mine is "the
cat in the hat" by Dr. Suess").
[0087] Meanwhile, when generating a dialogue model through a retrieval model, the methods described with reference
to FIGS. 4 and 5 may be used together.
[0088] FIG. 6 is a block diagram illustrating an electronic device 10 for training a model-level dialogue model according
to an example embodiment.
[0089] According to an example embodiment, the electronic device 10 may include a storage device 12 and a processor
14, and is not to be taken as being limited thereto.
[0090] The storage device 12 may store a context and a response required for open-domain conversation. The storage
device 12 is hardware for storing various data processed in the electronic device 10, and may store programs for
processing and control of the processor 14. The storage device 12 may include a random access memory (RAM) such
as a dynamic random access memory (DRAM), a static random access memory (SRAM), or the like, a read-only memory
(ROM), an electrically erasable programmable read-only memory (EEPROM), a CD-ROM, a Blu-ray or other optical disk
storage, a hard disk drive (HDD), a solid state drive (SSD), or a flash memory.
[0091] The processor 14 may control overall operations of the electronic device 10 and process data and a signal. In
an example embodiment, the processor 14 may include at least one processor. According to an example embodiment,
through the storage device 12, the processor 14 may acquire a response set including a first response subset corre-
sponding to a first context and a second response subset selected arbitrarily, from a first dialogue data set. In addition,
the processor 14 may calculate a first score for a response included in the response set with respect to the first context
based on a first dialogue model and calculate a second score for a response included in the response set with respect
to the first context based on a second dialogue model. Also, the processor 14 may train the second dialogue model
based on the first score and the second score.
[0092] The electronic device 10 of the present disclosure may further include a communication device (not shown).
The communication device may communicate with an external electronic device using wired or wireless communication
technology and may include a transceiver. The external electronic device may be a terminal or a server. In addition, the
communication technology used by the communication device may include, for example, global system for mobile
communication (GSM), code division multi-access (CDMA), long term evolution (LTE), fifth-generation (5G), wireless
LAN (WLAN), wireless-fidelity (Wi-Fi), Bluetooth, radio frequency identification (RFID), infrared data association (IrDA),
ZigBee, near field communication (NFC), or the like, but not be limited thereto.
[0093] The device described in accordance with the above-described embodiments may include a processor, a memory
which stores and executes program data, a permanent storage such as a disk drive, a communication port for commu-
nication with an external device, and a user interface device such as a touch panel, a key, and a button. Methods realized

[Table 5]

Input Context

A: Amazon is a great place to order books
B: Oh yeah that is a fact.

Model Name Response

Bi-encoder (w/ FAISS) A: Comics is at the top of the list in interest
Blender 90M A: Do you have any other hobbies that you like to do on the weekends? I like to read

Distilled Blender A: What else do you like to do in your spare time? I like to go to the beach
Blender 2.7B A: What kind of books do you buy on amazon? I like to read science fiction and fantasy
Blender 9.4B A: What kind of books do you like to read? I like romance novels and mystery novels

G2R-D A: Do you ever order grocerys? I love amazon’s selection of books and videos
G2R-DM A: What is year favourite book? Mine is "the cat in the hat" by dr seuss
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by software modules or algorithms may be stored in a computer-readable recording medium as computer-readable
codes or program commands which may be executed by the processor. Here, the computer-readable recording medium
may be a magnetic storage medium (for example, a read-only memory (ROM), a random-access memory (RAM), a
floppy disk, or a hard disk) or an optical reading medium (for example, a CD-ROM or a digital versatile disc (DVD)). The
computer-readable recording medium may be dispersed to computer systems connected by a network so that computer-
readable codes may be stored and executed in a dispersion manner. The medium may be read by a computer, may be
stored in a memory, and may be executed by the processor.
[0094] The present embodiments may be represented by functional blocks and various processing steps. These
functional blocks may be implemented by various numbers of hardware and/or software configurations that execute
specific functions. For example, the present embodiments may adopt direct circuit configurations such as a memory, a
processor, a logic circuit, and a look-up table that may execute various functions by control of one or more microprocessors
or other control devices. Similarly to that elements may be executed by software programming or software elements,
the present embodiments may be implemented by programming or scripting languages such as C, C++, Java, and
assembler including various algorithms implemented by combinations of data structures, processes, routines, or of other
programming configurations. Functional aspects may be implemented by algorithms executed by one or more processors.
In addition, the present embodiments may adopt the related art for electronic environment setting, signal processing,
and/or data processing, for example. The terms "mechanism", "element", "means", and "configuration" may be widely
used and are not limited to mechanical and physical components. These terms may include meaning of a series of
routines of software in association with a processor, for example.
[0095] The above-described embodiments are merely examples and other embodiments may be implemented within
the scope of the following claims.
[0096] According to example embodiments, a retrieval-based dialogue model may return a response corresponding
to a response quality of a generative-based dialogue model that generates a fluent response based on rich knowledge
of a large-scale language model.
[0097] Further, according to example embodiments, it is possible to resolve a high latency issue of a generative-based
dialogue model and improve a response quality of a retrieval-based dialogue model.
[0098] Effects of the present disclosure are not limited to those described above, and other effects may be made
apparent to those skilled in the art from the following description.

Claims

1. A computer-implemented method of training a dialogue model in an electronic device, the method comprising:

acquiring, from a first dialogue data set, a response set including a first response subset corresponding to a
first context and a second response subset selected arbitrarily (S201);
calculating a first score for any one of response included in the response set with respect to the first context
based on a first dialogue model (S202);
calculating a second score for the response included in the response set with respect to the first context based
on a second dialogue model (S203); and
training the second dialogue model based on the first score and the second score (S204).

2. The method of claim 1, wherein the first dialogue model is a generative-based dialogue model that generates a
response to a given context, and the second dialogue model is a retrieval-based dialogue model that searches for
a response to the given context.

3. The method of claim 1, further comprising:

selecting a second context from a second dialogue data set including at least one pair of a context and a
response corresponding to the context (S101);
generating a response corresponding to the second context through the first dialogue model (S102); and
generating the first dialogue data set by incorporating a pair of the second context and a response corresponding
to the second context into the second dialogue data set (S103).

4. The method of claim 1 or 2, wherein the calculating of the second score comprises:

encoding the first context and each response included in the response set based on fixed-length embedding; and
calculating a relevance score with respect to the first context for the each response included in the response
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set based on an embedding value corresponding to the first context and an embedding value corresponding to
the each response included in the response set.

5. The method of any of the claims 1 to 4, wherein the first score is calculated using a normalized log-likelihood based
on a length of each response included in the response set.

6. The method of any of the claims 1 to 4, wherein the first score is calculated based on a mutual information score
with respect to the first context for each response included in the response set.

7. The method of any of the claims 1 to 6, wherein the training of the second dialogue model comprises:

calculating a loss based on the first score and the second score; and
training the second dialogue model such that the loss is minimized.

8. The method of claim 7, wherein the loss comprises a cross-entropy loss for a score corresponding to the first
response subset and a knowledge distillation loss for a score corresponding to the response included in the response
set.

9. The method of claim 8, wherein the training of the second dialogue model such that the loss is minimized comprises
training by maximizing a score corresponding to the first response subset so that the cross-entropy loss is minimized.

10. The method of claim 8, wherein the training of the second dialogue model such that the loss is minimized comprises
training by matching the first score and the second score so that the knowledge distillation loss is minimized.

11. A non-transitory computer-readable recording medium comprising a computer program to execute the method of
claim 1.

12. An electronic device for training a dialogue model, the electronic device (10) comprising:

a storage device (12); and
a controller (14),
wherein the controller (14) is configured to:

acquire a response set including a first response subset corresponding to a first context and a second
response subset selected arbitrarily, from a first dialogue data set through the storage device;
calculate a first score for any one of response included in the response set with respect to the first context
based on a first dialogue model;
calculate a second score for the response included in the response set with respect to the first context
based on a second dialogue model; and
train the second dialogue model based on the first score and the second score.

13. The electronic device of claim 12, wherein the controller (14) is configured to:

select a second context from a second dialogue data set including at least one pair of a context and a response
corresponding to the context;
generate a response corresponding to the second context through the first dialogue model; and
generate the first dialogue data set by incorporating a pair of the second context and a response corresponding
to the second context into the second dialogue data set.

14. The electronic device of claim 13, wherein the controller (14) is configured to:

generate an augmented response set including a response of the second dialogue data set and a response
corresponding to the second context; and
store the augmented response set through the storage device.

15. The electronic device of any of the claims 12 to 14, wherein, to train the second dialogue model, the controller (14)
is configured to:
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calculate a loss based on the first score and the second score; and
train the second dialogue model such that the loss is minimized, and
the loss comprises a cross-entropy loss for a score corresponding to the first response subset and a knowledge
distillation loss for a score corresponding to the response included in the response set.
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